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Abstract: In 2011 Brazil experienced the worst disaster in the country’s history. There were 918 deaths
and thousands made homeless in the mountainous region of Rio de Janeiro State due to several
landslides triggered by heavy rainfalls. This area constantly suffers high volumes of rain and episodes
of landslides. Due to these experiences, we used the MaCumBa (Massive CUMulative Brisk Analyser)
software to identify rainfall intensity–duration thresholds capable of triggering landslides in the most
affected municipalities of this region. More than 3000 landslides and rain data from a 10-year long
dataset were used to define the thresholds and one year was used to validate the results. In this work,
a set of three thresholds capable of defining increasing alert levels (moderate, high and very high) has
been defined for each municipality. Results show that such thresholds may be used for early alerts.
In the future, the same methodology can be replicated to other Brazilian municipalities with different
datasets, leading to more accurate warning systems.
Keywords: landslide; EWS; rainfall threshold; forecasting; hazard
1. Introduction
In Brazil mass movements associated with periods of intense precipitation are recurrent and cause
great human and economic losses [1]. The conditions of high humidity and high rainfall intensity are
triggering factors for gravitational processes such as shallow landslides and debris flows, resulting in
large displacements of soil and rocks, as occurred in January 2011 in the mountainous region of Rio de
Janeiro (Figure 1).
Between January 11 and 12, significant rainfall, caused by the entrance of air masses from the
Convergence Zone of the South Atlantic in the Serrana Region, triggered what would be considered
the worst natural disaster in Brazil. The twelve municipalities of the mountain region of Rio de Janeiro
were the most affected and experienced a catastrophe (Table 1). According to the UN, it was the 8th
worst landslide event in world history, being considered the greatest natural disaster in the history of
Brazil [2]. Nova Friburgo, Petrópolis and Teresópolis were the cities most severely struck (Table 1),
with the highest number of deaths and affected, resulting in a direct impact on the lives of more
than 32 thousand inhabitants, and with seven municipalities decreeing a state of public calamity. In
Nova Friburgo, for example, it rained 253 mm in 37 h according to the rain gauges of INEA—State
Environmental Institute—Government of the State of Rio de Janeiro [3] and INMET—National Institute
of Meteorology [4], while the average rainfall in January for these municipality is around 300 mm.
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After that, the Brazilian federal government created the National Center for Monitoring and Early
Warning of Natural Disasters (Cemaden), which has as its main objective the issuance of natural
disaster warnings (landslides, floods and flash floods) to about 1000 Brazilian municipalities [5].
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Table 1. Human consequences in the 2011 disaster in Rio de Janeiro State, Brazil.
Municipality Displaced Persons Homeless People Deads Total
Nova Friburgo 4528 789 5476
Cordeiro 17 26 43
Macuco 28 24 52
Bom Jardim 1186 632 1820
São Sebastião do Alt 32 75 - 107
Santa Maria Madalena 284 44 - 328
Petrópolis 6956 187 71 7214
São José do Vale do Rio Preto 300 174 2 474
Areal - 8 - 8
Teresópolis 9110 6727 392 16,229
Sumidouro 163 109 22 294
Total 22,604 8795 2,317
Source: Data obtained by the Civil Defense of the State of Rio de Janeiro.
Alert systems are an efficient non-structural measure for the reduction of material and human
damage caused by disasters. To mitigate natural hazards and related risks, a set of occurrences, data,
information, knowledge and application is necessary [6]. These principles can also be applied to an
Early Warning System (EWS). In this study the possibility of setting up an Early Warning System (EWS)
for rainfall-induced landslides is explored.
Several approaches, aimed at landslide forecasting and early warning, exist in the scientific
literature and they can be roughly divided into two main categories: (i) Physically-based and (ii) empirical.
Physically-based mo els rely on a stronger and more co plete conceptual basis, but they require a
thorough knowledge of the geolo ical and meteorological f atu es of the study area, i.e., a high number
of parameters must be assess d before implementing such models [7–9]. For this reason, they are
applied mainly at the slop scale or to small area [9,10], while their u e in early warning system for
large areas is still li ited to prototype or experimental case studi s [8,11,12]. Empirical models are
based on the analysis of the predisposing and triggering fact rs to assess the conditi ns th t can b
associated to landslide occurrence [13]. Even if empirical approaches neglect the physics of the problem,
they can be robust and effective methodologies, especially when carried out by means of statistical
techniques. Moreover, compared to physically-based approaches, the empirical techniques require
few data, usually only the landslide occurrence dates and positions and the rainfall data. Therefore,
one of the most used approaches for landslide forecasting is the one based on empirical or statistical
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rainfall thresholds [13–27]. A rainfall threshold for landslide occurrence (in short, rainfall threshold) is
a mathematical equation that defines the rainfall conditions associated to the triggering of landslides.
Rainfall thresholds equations are usually based on a couple of rainfall parameters, e.g., intensity and
duration [14,17], total event rainfall and duration [28] or the rainfall amounts accumulated over two
different reference periods [29,30]. They are defined with empirical or statistical analyses using a
dataset of past events and, if the relationship can be considered valid also for the future, the threshold
can be used for landslide forecasting and early warning.
A recent review of the literature on rainfall thresholds [31] highlighted that they can be used
to forecast landslide occurrence at all scales and in a wide range of physical settings, but a proper
application for early warning purposes should require: The gathering of reliable and as complete as
possible rainfall and landslide datasets; the selection of the most appropriate threshold parameters,
on the basis of landslide characteristics and available rainfall data; the setting up of objective and
standardized analysis procedures; and the accomplishment of a quantitative validation.
In this work, rainfall and landslide data from the mountainous area surrounding Rio de Janeiro
have been collected and analysed to define local rainfall thresholds for landslide occurrence, in the
perspective of using them in an early warning system. Considering the landslide typologies affecting
the area (mainly debris flows and shallow landslides), the thresholds were based on intensity and
duration of the peak triggering rainfall [14,31–34]. The threshold analysis has been carried out with
the MaCumBA software [21], which allows for a semi-automatic threshold analysis based on objective
and standardized criteria and which has been tested into several case studies [35–38]. Furthermore,
in this work, the possibility of defining multiple thresholds, instead of a single threshold, has been
explored. The identification of multiple thresholds has been developed to provide a better agreement
between the outcomes of this work and the Brazilian legislation in the field of landslide forecasting,
which requires the identification of three alarm levels: moderate, high and very high, plus the no alarm
level. To objectively define these thresholds, a statistical indicator, named Positive Predictive Value
(PPV), has been used; PPV expresses the probability of correctly classifying a rainfall that triggered
landslides and is defined as the ratio between the number of Correct Alarms (CA) and the number of
total alarms (as the sum of Correct and False Alarms (FA): CA/(CA+FA)). The resulting thresholds and
their predictive power have been validated using an independent dataset of landslide events, and the
outcomes compared with the alerts issued by the local civil protection agencies. According to this
double validation procedure, the results can be considered satisfying and a possible implementation of
the proposed thresholds in an operational warning system is discussed.
2. Materials and Methods
2.1. Study Area
The studied municipalities are in the mountainous region of Rio de Janeiro (Figure 2), with an
average altitude over 900 m and highest elevations above 2300 m. The relief of the region acts as an
important factor in the increase of air turbulence, especially in the passage of cold fronts and lines of
instability where the air rises and loses temperature, causing strong and prolonged rains [39].
The geographic position close to the tropics allows for strong solar radiation, and the proximity
to the oceanic surface allows for the evaporation process, favouring the formation of clouds and
subsequent rainfall on the mountainous areas. In addition, sudden and localized convections occur
mainly in the summer, forming in a few hours due to the high heating and moisture availability.
The physiographic characteristics of the mountainous region contribute to the mass movement
processes: Steep slopes, narrow valleys, rocks with a high degree of weathering, abrupt rock-soil
contact, lithologies with fractures, etc. In addition, the most affected municipalities have a significant
number of inhabitants concentrated in the urban area that spreads from the wider valley bottoms to
the slopes. The urbanization process occurred in an irregular and disordered way causing considerable
impacts on the controlling factors of natural processes [40]. The climate is generally high-altitude
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tropical (Cwb according to the Köppen-Geiger climate classification), with dry and cool winters and
mild and humid summers, but in some parts of the mountain it can vary to subtropical, with average
annual temperature of 18 ◦C.
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The region has a system of meteorological observation, managed by the State Environmental
Institute (INEA) and the National Institute of Meteorology (INMET), which collect rainfall data
systematically through automatic rain gauges. The rainy season mainly occurs from December to
March (Figure 3) and concentrates in a few days, usually associated with the entrance of frontal
systems, with rainfall exceeding 50 mm/day. On January 11, 2011, the rain gauges of INEA recorded
that the total rainfall in 24 h in Nova Friburgo reached 249 mm. In Petrópolis, at Ypu, rain gauges of
273.8 mm in 24 h were recorded; the most critical period was from 2:00 on January 11th to 2:00 on
January 12th [41]. In Teresópolis it rained more than 161.6 mm in 24 h. Usually on the days of January
it rains on average 60 mm/day.
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Publicacoes/Atlas-Pluviometrico-do-Brasil-1351.html.
2.1.1. Nova Friburgo
Nova Friburgo had an estimated population in 2018 of 190,084 inhabitants. It is located in the
center-north of the state, at an average altitude of 985 m. The rocky substratum consists essentially of
intrusive and metamorphic Precambrian rocks, which outcr p in several parts of the area. Most of the
rocky outcrops are com osed of granites, forming “sugar loaves” or monadnocks, which are the result
of the erosion by rainfall of the forme granitic inselbergs [42]. The geo rphol gy is charact riz d by
the fact that th dissection is m rked by structural control, d fined only by the deepening variable of
the drainage [43].
The soils of the region result from a combination of lithology (gneiss/granite), highly dissected
relief, climatic variations in the Holocene and dense forest cover, which exerts a strong influence through
physical and hydrological processes (mechanical fixation, interception, infiltration, evapotranspiration),
and ecological (organic matter production and nutrient cycling). They are highly leached soils with
moderate fertility due to intense drainage, usually presenting low pH and nutrient content [44].
The main types of soils are: Red–Yellow Latosol, Argissols, Cambisols and Rocky Outcrop [45].
The Red-Yellow Latosol are well drained soils and are deep and porous, with enough resistance to
erosion and favourable to root development. The Argissols are more susceptible to erosion processes
when they occur in steep relieves. The Cambisols are poorly developed and have intermediate drainage.
Shallow soils are present in correspondence with steep slopes and close to rocky outcrops.
2.1.2. Petrópolis
Petrópolis is situated at the top of Serra da Estrela, belonging to the mountain range of Serra dos
Órgãos, subsector of Serra do Mar. The municipality of Petrópolis presents a rugged relief, with the
presence of cliffs. Its population is estimated at 305,687 inhabitants [46], predominantly urban (95.1%).
Petropolis is geologically inserted in the Rio Negro Complex, of paleoproterozoic origin [47],
formed mainly by migmatites and granitoids. These rocks are severely sectioned by fractures and
faults of regional extension, with a strong reflection on t pography, since the entire region of these
units was submitted to tectonic events during t Precambrian p iod [48]. This set of characteristics
generates consequences i the triggeri g o mass movements. The Petrópolis lands are the r ult of
folding, reactiva ion of faults and remobil zation of blocks [49]. Fault zones condition the di ections of
th vall ys, prod cing a braided drai age pattern, with valleys separated by elongated hills.
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The predominant soils in the region are clayey, well drained, acidic and of low natural fertility
and high saturation of aluminium. According to Carvalho et al. [50] in the area the association of
dystrophic Red–Yellow Latosol with medium to clayey texture and dystrophic Cambisol with clay
or medium texture and association of Cambisol with medium or clayey texture and low shallow or
non-textured Red–Yellow Latosol clay are predominant. The latosols are present in Petrópolis with a
granular structure that, when mature and not presenting expansive clays and abrupt discontinuities
between their horizons, are little susceptible to erosion, reinforcing the effect of urban occupation as
responsible for the continuous catastrophic effects [51].
2.1.3. Teresópolis
Teresópolis is the highest city in the state of Rio de Janeiro and, therefore, one of those with cooler
weather. Its population, according to estimates of the IBGE in 2018, was 180,886 inhabitants.
The area of the municipality consists of gneiss and granite deposits, dating from the Precambrian
period, with a marked relief, with the presence of steep cliffs. The mountains and cliffs of this region
have quite a lot of leached soils as Cambisols, Neosols and Red–Yellow Latosols, usually not very
thick [45]. The Cambisols and Red–Yellow Latosols are found in the interfluvial areas, whereas in the
floodplains the Gleysols, characterized by very low permeability, and the alluvial soils, which have a
higher permeability, are predominant. In the landscape of the region, it is possible to observe that the
Cambisol is mainly found in the hilly relief, while the Latosol is mainly associated to a flat or smooth
relief [52]. The areas with the highest slopes are referred to subvertical rocky walls. With the gradual
decrease of the slope, the development of incipient and thin layers of soil arises. In the basal part of
the escarpment, the occurrence of talus deposits allows the formation of flat valleys where thicker
soil develops.
2.2. Data Acquisition
For this work, landslide occurrences from 2008 to 2018 and the related hourly rainfall records
were collected. This process was not straightforward, because there is no single database of natural
disaster events in Brazil. The landslide information was retrieved from publications, local civil defense
records and data found in the media. After the catastrophic event occurred in the mountainous region
of Rio de Janeiro in January 2011 and the creation of Cemaden, disaster occurrence information began
to be centralized in a single agency. Such information is provided by media news and feedback from
municipal civil defenses.
The data from 2008 to 2017 were used for calibration processes. Data of the January 2011 landslide
event for Nova Friburgo were provided by the municipal civil defense, landslide occurances during
the same event in Petrópolis and Teresópolis have been mapped on Google Earth using the images of
04/11/2011 and 04/18/2011 respectively. Other events that occurred after January 2011 were obtained
from Cemaden, which uses data provided by the local civil defense and media. For Nova Friburgo,
landslide occurrences found in the work of Oliveira [53] were also used, which were provided by Nova
Friburgo civil defense from November 2008 to December 2011.
In the 10 years of data used for the present study, there were 2938 landslides in Nova Friburgo,
368 in Petrópolis and 205 in Teresópolis. Spatial distribution of the landslides and rain gauge positions
are shown in Figure 4.
Hourly rain data were obtained from INMET and INEA. INMET has an automatic rainfall station
in each municipality with hourly data from 2008 (Petrópolis and Teresópolis) and 2010 (Nova Friburgo).
INEA has the latest time data (some only from 2011) but has a larger rain gauge network. For the
present study, 8 rain gauges were used for Nova Friburgo, 15 for Petrópolis and 4 for Teresópolis.
For the model validation, data of landslides occurring in 2018, obtained from Cemaden [54],
have been used. In Nova Friburgo, 13 landslides events occurred in 2018, 27 events in Petrópolis and
6 events in Teresópolis. The rain data were also collected from INEA and INMET rain gauges.
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2.3. Methodology
To define the thresholds, the automatic semi-procedure described in [21,22] has been used; this
procedure was firstly developed for Tuscany Regi n (Italy) and then applied in Slove ia [37].
The thresholds defined by this approach are based on the general equation firstly proposed by
Caine [14] (Equation (1)):
I = αD-β, (1)
where I (mm/h) s he rainfall intensity, D (h) is the rainfall duratio nd α and β are characteristic
parameters of data distr bution.
The adopted procedure can be divided into three main steps:
• (i) Threshold individuation, which is carried out by software, so as the replicability of the analyses
is guaranteed.
• (ii) Threshold calibration, i.e., the verification of the performances of the threshold, in terms of
correct predictions and missed or false alarms.
• (iii) Threshold validation, i.e., the defined threshold is v lidated against an independent
l dslide dataset.
To perform the threshold individuation (step i), software named MaCumBA (fully described in
Segoni et al. [21]) was used: this software requires as input data the location (coordinates) and the
triggering date of the landslides, the location of rain gauges and the rainfall recorded by all rain gauges
from 60 days before each landslide to the day after the landslide triggering. The software requires
the setting of three additional parameters: (a) The NRG (No Rain Gap), i.e., the number of hours
without rain necessary to consider a rain event as ended, (b) the search radius, i.e., the maximum
distance allowed between each landslide and the rain gauges that are evaluated as potential reference
rain gauges to characterize the triggering rainfall and (c) a minimum rainfall intensity (to filter off
uninfluential rainfall events and reduce the computational load). Each NRG-search radius pair allows
a different threshold to be defined, so the calibration process (step ii) is used to verify which parameter
set has the best performance.
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The MaCumBA software has the advantage of choosing the distance of the rain gauge landslide,
minimum start rain, no rain gap to separate event and, minimum rain (mm/hour). These parameters
can be changed several times until the best threshold for the study area is identified according to a
quantitative criterion [21]. Most importantly, these parameters can be implemented in an algorithm to
analyse rainfall data in real time; allowing the best consistency between the approach used to define
the thresholds and the real time monitoring. To verify the quality of the defined thresholds, the number
of correct alarms (CA), false alarms (FA) and missed alarms (MA) in the whole calibration period have
been calculated. In this phase, the multiple warning levels definition, based on increasing thresholds,
took place; to carry out this task, an objective parameter, the Positive Predictive Value (PPV) was used.
PPV is calculated as the ratio between CA and the sum of CA and FA and allows the capability of each
threshold to be quantified in order to identify landslide triggering events [55,56].
The final set-up of the multiple thresholds system is characterized by 3 thresholds, which define
4 warning levels: The “standby” threshold, which separates the “no alarm” and the “moderate”
warning levels, the “caution” threshold, which separates the “moderate” and “high” warning levels
and the “alarm” threshold, which separates the “high” and “very high” warning levels.
The standby threshold has been defined using MaCumBA, while caution and alarm thresholds
using different PPV values as reference; in particular, the moderate warning level should have a PPV
equal to or higher than 0.3, i.e., 30% of correct alarms have to be issued; the high warning level should
have a PPV equal to or higher than 0.5 (i.e., 50% of correct alarms); and the very high warning level
should have a PPV equal to or higher than 0.75 (i.e., 75% of correct alarms).
Caution and alarm thresholds have been identified by an empirical procedure, based on two
assumptions: They had to reach the aforementioned PPV and be parallel to the standby threshold to
avoid any intersection between thresholds; essentially 2 thresholds equal to the standby one are traced
and “raised” parallel to it until the desired PPV is achieved.
3. Results
3.1. Threshold Calibration
The procedure summarized in the previous section allowed a set of 3 thresholds for each
municipality to be defined, based on the landslides and rainfall of the calibration period. MACumBA
was run with a confidence level of 95% and allowed 10 km as the maximum landslide–rain gauge
distance to define the standby threshold, while the caution and alarm thresholds were empirically
defined as previously described. The α and β values, no rain gap and minimum rainfall, as well as the
standby threshold equation for each municipality are shown in Table 2.
Table 2. Thresholds equations and parameters.
Municipality A β No Rain Gap (h) Minimum Rainfall (mm/h) Equation
Nova Friburgo 29.98 −0.87 36 20 29.98D−0.87
Petrópolis 17.95 −0.68 24 30 17.95D−0.68
Teresópolis 64.80 −0.89 24 30 64.8D−0.89
In the Nova Friburgo municipality, the best thresholds set allowed 132 landslide events to be
correctly classified (correct alarms) (Figure 5), where each event can contain one or more landslides,
while 5 landslide events were not correctly classified (missed alarms) and 131 false alarms were
generated in 10 years. The moderate alarm threshold led to 69 CA, 97 FA and 5 MA, with a PPV equal
to 0.42; the high alarm threshold lead to 34 CA and 28 FA, with a PPV equal to 0.55; and the very high
alarm threshold lead to 29 CA and 6 FA, with a PPV equal to 0.83.
Geosciences 2019, 9, 203 9 of 15
Geosciences 2019, 9, x FOR PEER REVIEW 9 of 15 
 
 
Figure 5. The thresholds for Nova Friburgo municipality. CA = correct alarm, FA = false alarm, MA = 
missed alarm. 
In Petropolis the best thresholds set allowed 269 landslide events to be correctly classified, 
while 176 false alarms were generated (Figure 6). The moderate alarm threshold led to 190 CA, 158 
FA, with a PPV equal to 0.55; the high alarm threshold led to 59 CA and 14 FA, with a PPV equal to 
0.81; and the very high alarm threshold led to 20 CA and 4 FA, with a PPV equal to 0.83. 
 
Figure 6. The thresholds for Petrópolis municipality. CA = correct alarm, FA = false alarm. 
For Teresópolis, the best thresholds set allowed 35 landslide events to be correctly classified, 
while only 1 landslide event was classified as missed alarms and 35 false alarms were generated 
Figure 5. The thresholds for Nova Friburgo municipality. CA = correct alarm, FA = false alarm,
MA = missed alarm.
In Petropolis the best thresholds set allowed 269 landslide events to be correctly classified, while
176 false alarms were generated (Figure 6). The moderate alarm threshold led to 190 CA, 158 FA, with
a PPV equal to 0.55; the high alarm threshold led to 59 CA and 14 FA, with a PPV equal to 0.81; and the
very high alarm threshold led to 20 CA and 4 FA, with a PPV equal to 0.83.
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For Teresópolis, the best thresholds set allowed 35 landslide events to be correctly classified, while
only 1 landslide event was classified as missed alarms and 35 false alarms were generated (Figure 7).
The moderate alarm threshold led to 18 CA, 30 FA and 1 MA, with a PPV equal to 0.38; the high alarm
threshold lead to 6 CA and 3 FA, with a PPV equal to 0.67; and the very high alarm threshold lead to
6 CA and 2 FA, with a PPV equal to 0.75.
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The equation and the statistics of each threshold for the 3 study areas are reported in Table 3.
Table 3. Thresholds equations and parameters.
Threshold Equation CA FA PPV
Nova Friburgo
moderate I = 29. 8D−0.87 69 97 0.42
high I = 64.98D−0.87 34 28 0.55
very high I = 101.98D−0.87 29 6 0.83
Petrópolis
moderate I = 17.96D−0.68 190 158 0.55
high I = 34.96D−0.68 59 14 0.81
very high I = 55.80D−0.68 20 4 0.83
Teresópolis
moderate I = 64.80D−0.89 18 30 0.38
high I = 124.00−0.89 6 3 0.67
very high I = 184.00D−0.89 6 2 0.75
3.2. Threshold Validation
Results of validation have been verified adopting the same approach as the calibration procedure
to ensure a proper comparison of the results.
In Nova Friburgo, 5 landslide events were recorded in 2018, with 25 landslides triggered.
19 landslides were classified (CA) in the moderate alarm level along with 27 FA (PPV = 0.41), 5 CA
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resulted in the high alarm level, with 3 FA (PPV = 0.63), and 1 CA and 0 FA in the very high alarm
level (PPV = 1). Missed alarms were not recorded.
In Petropolis, 11 events, triggering 39 landslides, were reported in 2018. Among them, 31 CA
and 22 FA were present in the moderate alarm level (PPV = 0.53), 8 CA and 0 FA in high alarm level
(PPV = 1). In the very high level, there are no events. Missed alarms were not recorded.
In the Teresópolis area, 4 events, triggering 5 landslides, were reported in 2018. In moderate alarm
level 3 CA were present, with 6 FA and 1 MA (PPV = 0.33), in high alarm level, 1 CA and 1 FA were
present (PPV = 0.5), while no events were classified in the very high alarm level. It is worth noticing
that the missed alarm refers to a landslide reported on the same day as an event with 3 landslides.
Some recent works [36,57] suggested that a thorough demonstration of the effectiveness of
a threshold would require also a quantitative comparison with another model or methodology.
Consequently, a second validation step was performed and the results of the present work were
compared with the alerts issued by the Cemaden in the year 2018.
At Cemaden, after an alert is sent, the Natural Disaster specialists’ team conduct research on
events in the media and receive information from Local Civil Defense. All this information is filed in a
database, which has been used to validate the thresholds.
In Nova Friburgo, 10 alerts were issued in 2018, among which there were 7 FA and 3 CA and
in addition 2 alerts were missed (MA), while the proposed thresholds allowed all these events to be
correctly identified.
Petrópolis received 14 alerts in 2018, of which 4 were FA, 10 CA and 1 MA; the proposed threshold
set allowed all these events to be identified.
For Teresópolis, 13 alerts were issued in 2018: 9 FA, 3 CA and 1 MA; in this case, the proposed
thresholds set showed similar performances to the existing landslide warning system.
4. Discussion and Conclusions
In this paper the possibility of defining multiple rainfall thresholds to forecast landslide occurrences
in 3 different municipalities of Brazil was explored.
The results can be considered satisfactory, since it was possible to identify different threshold sets
that could be realistically used in an EWS.
Even if some authors, such as Huang et al. [58], stated that statistical models are suitable to be used
only for the areas where they were initially defined, in this work a state-of-art procedure, first developed
in Italy and then applied in Slovenia [21,37], was satisfactory applied to define the standby threshold
in Brazil. This study case demonstrates that the procedure can be applied with satisfactory results in
very different climatic and geological settings to forecast rainfall-induced landslides with different
characteristics. This outcome proves the exportability of the procedure, provided that landslide and
rainfall data of sufficient quality and quantity are available.
However, some issues are still present, such as the high number of FA in the moderate alarm level;
this problem is clear mainly in the Nova Friburgo and Teresópolis areas, where the number of FA in the
moderate alarm level is higher than that of CA. This could be due to the bias of the landslide dataset
used for calibration, since the majority of landslides are reported in only one rainfall event (landslides
occurred from the 11th to the 12th of January, 2011), so the threshold definition is somehow overfitted
because of these events. On the other hand, the validation showed better results than calibration and
this could support the hypothesis of the bias in landslide distribution, since the validation dataset does
not suffer any particular distribution, though very few landslides were available for validation and
this could also contribute to getting better results for the validation procedure, since the used sample
could not be considered representative enough of the ground truth.
This study was developed in three test areas and showed the potential of applying a semi-automatic
method of establishing rain thresholds for landslide at four alert levels. Thresholds were defined
on the basis of statistical analyses and proved to be efficient, especially at high and very high alert
levels. The greatest difficulty in applying this methodology is the survey and organization of landslide
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events, since the information is decentralized and there is sometimes no detailed information (such as
date of the event and precise location), which would be essential for an optimal application of the
model. In addition, there is the difficulty of finding rainfall data from rain gauges close to the landslide
occurrence, with reliable data and within the desired period [24]. In Brazil, only in recent years the
systematic collection of hourly precipitation data has begun (INMET has hourly data from 2008 for
Petrópolis and Teresópolis, and from 2010 for Nova Friburgo). INEA has the latest weather data (some
only from 2011) but has a larger network of rain gauges. A maximum distance between landslide
and rain gauge of 10 km was used for all municipalities: This distance allowed each landslide to be
associated with at least one rain gauge and showed the best results. Vaz et al. [59] analysed the influence
of the distance between rain gauge and landslide, and calculated rainfall thresholds considering the
distances of 5, 10, 15, 20, 30, 40, 50 and 60 km. The ratio between the non-rainfall-triggered landslide
events and the rainfall-triggered landslide events within each buffer was used to identify the area
where the rain gauge is representative. Their studies concluded that distances greater than 50 km
allowed better results to be obtained. However, the studies were carried out in Lisbon, where the
rainfall regime is spatially consistent and the orographic effect on the rainfall distribution is low in
the region. The mountainous region of Rio de Janeiro, on the other hand, has a high orographic
influence due to the presence of Serra do Mar, with altitudes that exceed 2300 m, which can influence
the distribution of rainfall in the studied municipalities, making it heterogeneous in a few kilometres.
Regarding the number of pluviometres considered per municipality, a limited number of rain gauges
was available (8 rain gauges for Nova Friburgo, 15 for Petrópolis and 4 for Teresópolis).
The no rain gap parameter refers to the number of hours without rain necessary to separate two
distinct events. If this parameter is changed, the thresholds change. Segoni et al. [22] discussed the
influence of soil on NRG values. Soils with high permeability support high NRG values, because
the rainwater can penetrate the deeper layers of the soil, which take longer to become saturated.
The reverse occurs with soils that have low permeability: The upper soil layer saturates more rapidly
and favours shallow landslides. In our study, the NRG for Nova Friburgo was 36 h and 24 h for
Petrópolis and Teresópolis. These values are not very different among the municipalities studied. In
the region, Cambisols and Latosols prevail, both dystrophic and with certain degrees of weathering.
The slope and land use would play a more important role in terms of susceptibility to landslides. In the
mountainous region of Rio de Janeiro, the slope is accentuated, which prevents the formation of very
deep soils. Moreover, the deforestation and expansion of the urban area to areas with higher slopes
potentially increases susceptibility, exhibiting the population at risk.
It is worth noting that the optimal values found for NRG and minimum rainfall are higher than
all other applications of MAcumBA in other parts of the world [22,25,37]. This probably reflects the
different climatic settings, with the very high level of humidity and soil moisture of Brazil demanding
a longer time to completely dissipate the transitory effect of pore water pressure increase after rainfall.
The methodology used in the present study can be applied in other municipalities monitored by
Cemaden, establishing for each one four levels of alert, based on the intensity–duration thresholds.
It should be emphasized that the methodology presented here allows the updating of the thresholds as
new landslide events are incorporated, together with rainfall data at the time of occurrence. According
to Rosi et al. [25] the updating and the increase of the number of landslides can improve the thresholds,
generating a more representative sample. When data from new rain gauges are available, it can
also increase the accuracy of the thresholds, since the difference in spatial distribution of rainfall
can be captured. This may be interesting when the study area has a heterogeneous distribution of
precipitation, as in the case of the municipalities used in the present study.
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